The three-dimensional organization of the genome plays an important role in gene regulation by enabling distal sequence elements to control the expression level of genes hundreds of kilobases away. Hi-C is a powerful genome-wide technique to measure the contact count of pairs of genomic loci needed to study three-dimensional organization. Due to experimental costs high resolution Hi-C datasets are available only for a handful of cell lines. Computational prediction of Hi-C contact counts can offer a scalable and inexpensive approach to examine three-dimensional genome organization across many cellular contexts. Here we present HiC-Reg, a novel approach to predict contact counts from one-dimensional regulatory signals such as epigenetic marks and regulatory protein binding. HiC-Reg exploits the signal from the region spanning two interacting regions and from across multiple cell lines to generalize to new contexts. Using existing feature importance measures and a new matrix factorization based approach, we found CTCF and chromatin marks, especially repressive and elongation marks, as important for predictive performance. Predicted counts from HiC-Reg identify topologically associated domains as well as significant interactions that are enriched for CTCF bi-directional motifs and agree well with interactions identified from complementary long-range interaction assays. Taken together, HiC-Reg provides a powerful framework to generate high-resolution profiles of contact counts that can be used to study individual locus level interactions as well as higher-order organizational units of the genome.
Introduction
Distal regulation of the HBA1 gene by a regulatory element 33-48kb away [27] has been experimentally characterized using low throughput [27] and high throughput methods such as 5C [28] . We applied 263 Fit-Hi-C on our predicted counts to obtain significant interactions associated with the 5kb bins contain- 264 ing the HBA1 promoter. We found 14 significantly interacting pairs associated with the HBA1 gene, the 265 majority of which came from the K562 cell line (CV), which is consistent with this gene being specific to 266 erythroid cells [27] . Among the 14 significantly interacting pairs, 2 overlapped with 5C datasets (Fig 8B, 267 D, green lines) at 35kb and 70kb. Visualization of the regulatory signals spanning the HBA1 gene and its 268 interacting regions in the WashU genome browser [29] , showed chromatin marks including H3K9me3, 269 H3K20me1, H3K36me3, H3K4me1, H3K4me2, H3K27ac as important features and CTCF and DNase I 270 as additional contributors to these interactions ( Fig 8B) . Examination of individual and pairwise features 271 based on their usage count in the significant interactions showed that the top features for making these 272 predictions came from the Window region of K562 or HMEC ( Supplementary Fig 19A, B, Fig 8C) , 273 and included features such as TBP, CTCF, DNase I as well as chromatin marks such as H3K4me1 and 274 H3K27ac. 275 We next investigated the PAPPA gene locus, which is implicated in the development of mammary 276 glands and is a gene of interest in breast cancer studies [30, 31] . The rat ortholog of the PAPPA gene was 277 shown to be regulated by a 8.5kb genomic region called the temporal control element (TCE) in rat mam-278 mary epithelial cells [31] . The TCE resides within the MCS5C genomic locus associated with breast 279 cancer susceptibility and is conserved in human and mouse [31] . We examined significant interactions 280 associated with the human PAPPA TSS and found the largest number of significant interactions in the 281 HMEC cell line or in cross cell line predictions using the HMEC model ( Supplementary Fig 20D) . The 282 HMEC cell line, is a primary mammary epithelial cell line, which indicates that these interactions are 283 relevant to the breast tissue. We focus on the significant interactions identified in HMEC when trained in 284 CV mode as these are likely the highest quality. We found a total of 7 significant interactions of which 285 2 overlap the TCE element. Visualization of the signals ( Supplementary Fig 20B) and feature analy-286 sis on the significant interactions indicated that CTCF, TBP and H3K4me1 ( Supplementary Fig 20C) 287 measured in the HMEC cell line are important for this interaction. In summary, HiC-Reg predictions 288 provide computational support for the long-range regulation of the PAPPA gene in a relevant human cell 289 line, which was originally studied in the rat mammary cells. 290 Taken together, our fine-grained analysis of two loci known to be involved in long-range regulatory 291 interactions provided further support of our predictions, highlighted potentially important features that 292 facilitate these interactions and serve as case studies of how HiC-Reg could be used to characterize a 293 12 particular locus of interest. In both cases we found additional loci that are predicted to interact with 294 these genes, which can be followed with future experiments. 295 
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The three-dimensional organization of the genome can affect the transcriptional status of a single gene 297 locus as well as larger chromosomal domains, which can both have significant downstream conse-298 quences on complex phenotypes. Although high-throughput chromosome capture conformation assays 299 are rapidly evolving, measuring cell line-specific interactions on a genome-wide scale and at high reso-300 lution is a significant challenge. In this work, we described a novel computational approach, HiC-Reg 301 that can predict the contact count of two genomic regions from their one-dimensional regulatory signals, 302 which are available for a large number of cell lines and experimentally more tractable to generate than 303 Hi-C datasets. Because HiC-Reg directly predicts counts, instead of classifying interactions from non- 304 interactions as has been commonly done [14, 15, 19] , the output from HiC-Reg can be used to identify 305 significant interactions using peak-calling algorithms (e.g., Fit-Hi-C [22]) as well as examine more large 306 scale organizational properties using domain finding algorithms (e.g, Directionality Index method, [32]). 307 We studied several technical issues within the HiC-Reg regression framework relevant to model de-308 sign, feature representation and important datasets for predicting counts. A key challenge we tried to 309 address using HiC-Reg was to generate high resolution interaction counts in a new chromosome or cell 310 line of interest. The former is relevant to predict interactions among regions that might have not have 311 been experimentally assayed. The latter is useful because some cell types and developmental stages may 312 not be amenable to large scale high-throughput 3C experiments and computational predictions could pri-313 oritize specific regions for targeted experimental studies. Our cross-chromosome experiments showed 314 that the performance is decreased when training on one chromosome and testing on another. The fea-315 tures identified as important across different chromosomes are very similar ( Supplementary Fig 7, 8) , 316 suggesting that the overall properties governing chromosomal contact are similar across chromosomes, 317 however, there may be fine-grained differences that are not being captured by the Random Forests re-318 gression model. Incorporation of additional measurements from transcription factor binding could be 319 beneficial for capturing these differences. Our cross-cell line prediction shows that a regressor trained repressive marks could be specifically transcriptionally silenced or be in a poised state [11] . 339 We evaluated the predictions from HiC-Reg using different validation metrics, globally using com-340 plementary assays, as well as, at specific loci that have been studied in the literature through high qual-341 ity, albeit low throughput experiments. This was important because predictive performance based on 342 the ability to predict contact counts may not necessarily reveal biological insights. In particular, we 343 compared the statistically significant interactions identified from HiC-Reg with those measured exper-344 imentally using ChIA-PET and whether they were enriched for CTCF bidirectional loops. Using both 345 metrics, we showed that HiC-Reg predictions can be used to identify significant interactions that have 346 as good experimental support as those from true counts. We also assessed the ability of HiC-Reg pre-347 dictions to recover higher order units of organization such as TADs and found good agreement between 348 TADs identified using our predicted counts compared to true counts. We demonstrated the utility of 349 HiC-Reg in studying the long-range regulatory landscape of two loci including the well-studied HBA1 HiC-Reg exploits the widely available chromatin mark signals that are experimentally easier to mea-354 sure compared to the Hi-C experiment. HiC-Reg however relies on the availability of these marks in 355 new contexts, which may not always be available. Several groups have started to explore imputation
We transformed our upper triangle prediction matrix with resolution of 5kb to a symmetric interaction matrix and its genomic coordinates as the input. We used the default parameters of the package with 517 a window size of 2Mb for defining the Directionality Index. For comparison, we applied the same pro-518 cedure on SQRTVC normalized matrices (i.e. our true counts matrices) to identify TADs. We compared 519 the similarity of TADs identified from the HiC-Reg predicted counts and true counts for each chromo-520 some. Specifically, we matched a TAD found in the true count data to a TAD found in the predicted 521 counts based on the highest Jaccard coefficient. The Jaccard coefficient measures the overlap between 522 two sets, A and B and is defined as the ratio of the size of the intersection to the union, |A∩B| |A∪B| . The
523
Jaccard coefficient ranges from 0 to 1, with 1 denoting complete overlap. The Jaccard coefficients for 524 each match were averaged across all TADs from the true counts. We repeated the matching procedure 525 for each TAD from the predicted counts to a TAD in the true count and averaged the Jaccard coefficient 526 across all TADs from the predicted counts. The overall similarity between TADs was then the average 527 of these two averages. 
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